Article Development and evaluation of an integrated emergency response facility location model Journal of Industrial Engineering and Management (JIEM) Provided in Cooperation with: Suggested Citation: Hong, Jae-Dong; Xie, Yuanchang; Jeong, Ki-Young (2012) : Development and evaluation of an integrated emergency response facility location model,
Introduction
After emergency events such as natural disasters or terrorist attacks, it is critical through emergency response facilities to distribute for rapid recovery emergency supplies to the affected areas in a timely and efficient manner. The emergency response facilities considered in this paper include distribution warehouses (DWHs), where emergency relief goods are stored, intermediate response facilities termed Disaster Recovery Centers (DRCs), sometimes referred to as break of bulk points (BOBs), where emergency relief goods can be sent to the affected area in a timely manner for rapid recovery, and neighborhood locations in need of relief goods. The distribution of emergency supplies from these facilities to the affected areas must be done via a transportation network. Given the significance of transportation costs and the time involved in transporting the relief goods, the importance of optimally locating DWHs and BOBs in the transportation network is apparent.
Traditional facility location models, such as set-covering models, p-center models, p-median models, and fixed charge facility location problems (Dekle, Lavieri, Martin, Emir-Farinas & Francis, 2005) implicitly assume that emergency response facilities will always be in service or be available, and each demand node is assumed to be satisfied by a supply facility as assigned by the optimization model. However, it is very likely that some emergency response facilities may be damaged or completed destroyed and cannot provide the expected services. When this happens, the demands of the affected areas will have to be satisfied by other facilities much farther away than the initially assigned facilities. This obviously will increase the distribution cost and time of relief goods. Compared to the prior-disaster transportation costs minimized by the traditional facility location models, the actual or post-disaster transportation costs can be substantially higher. Thus, it is very important to take into account the post-disaster costs as well as the priordisaster costs in emergency response facility location modeling.
In light of the significant difference in siting between emergency response facilities and other types of facilities and the paucity of the research literature in this area, we propose a new emergency response facility location model that can better account for the uncertainty caused by the disruptions of critical infrastructure and that would minimize the post-disaster costs. Assuming that some DWHs might be unavailable after disastrous events, we compare the new model with a traditional facility location model based on case studies to demonstrate the developed model's capability to better deal with the risks in emergency response caused by the disruptions of critical infrastructure.
Literature review
Facility location models have been extensively researched for decades. Dekle et al. (2005) develop a set-covering model and a two-stage modeling approach to identify the optimal DRC sites. Their objective is to minimize the total number of DRCs, subject to each county's residents being within a certain distance of the nearest DRC. Horner and Downs (2007) conduct a similar study to optimize BOB locations (in our paper, BOBs and DRCs are used interchangeably). As shown in to BOBs and distributed to victims of catastrophes. Given the number and locations of initial warehouses, Horner and Downs formulate the problem as a multi-objective integer programming. Two objectives are considered. The first objective is to minimize the transportation costs of servicing BOBs from warehouse locations, and the second one is to minimize the transportation costs between BOBs and neighborhoods in need of relief goods. Snyder and Daskin (2005) develop a reliable facility location model based on the pmedian and the incapacitated fixed-charge location problem. They defined the extra transportation cost caused by the failure of one or more facilities as the "failure cost". Obviously, adding additional facilities as backups would reduce the failure cost. However, this will increase the day-to-day system operating cost. The main goal of their model is to find the best "trade-off" between the operating cost and the expected failure cost of a facility location design. The developed model is solved by a Lagrangian relaxation algorithm. Berman, Krass and Menezes (2007) also develop a reliable facility location model based on the p-median problem. In their research, each facility is assigned a failure probability. The objective is to minimize the expected weighted transportation cost and the expected penalty for certain customers not being served. The developed model has a nonlinear objective function and is difficult to solve by exact algorithms. These authors thus proposed a greedy heuristic for their model. (Horner & Downs, 2007) Hassin, Ravi and Salman (2010) investigate a facility location problem considering the failures of network edges. Their goal is to maximize the expected demand that can be served after disastrous events. In their study, it is assumed that a demand node can be served by a facility if it is within a certain distance of the entity in the network that survived disaster. The failures of network edges are assumed to be dependent on each other. These authors formulate the problem as an exact dynamic programming model and develop an exact greedy algorithm to solve it. Eiselt, Gendreau and Laporte (1996) also propose a reliable model for optimally locating p facilities in a network that takes into account the potential failures of road network links and nodes. These authors develop a low-order polynomial algorithm to solve the proposed facility location model. Li and Ouyang (2010) examined a continuous reliable incapacitated fixed charge location (RUFL) problem. They assume that facilities are subject to spatially correlated disruptions and have a location-dependent probability to fail during disastrous events. A continuum approximation (Langevin, Mbaraga & Campbell, 1996; Daganzo, 2005) approach is adopted to solve the developed model. The authors consider two methods to model the spatial correlation of disruptions, including positively correlated Beta-Binomial facility failure. Cui, Ouyang & Shen (2010) The rest of this paper is organized as follows. In the next section, an integrated facility location model is introduced. Based on this integrated model formulation, robust integrated facility location models are proposed and described in detail.
Following the description of the model formulations, case studies are conducted and the resulting analysis is presented. The last section summarizes the developed models and research findings. It also provides recommendations for future research directions.
Development of integrated facility location model
Let M be the set of all neighborhoods and potential distribution warehouse locations, indexed by m. We separate M into two sets: M={N, I}, where I denotes the set of potential distribution warehouse locations (indexed by i =1, 2, …,w) and N represents the set of neighborhoods (indexed by n =1, 2, …, p). In this research, we assume BOBs can be located at any neighborhoods and potential DWH locations, while DWH can be built at candidate DWH locations only. Based on these two assumptions, let J be the set of potential BOB locations indexed by ,
where j = 1, 2, …p, p+1, p+2, …p+i, …,p+w. Given this problem setting, we formulate the following integer quadratic programming (IQP) model that minimizes the total logistics cost, which is the sum of fixed facility costs and the transportation costs from DWHs to BOBs and between BOBs and neighborhoods/candidate DWH locations that are not selected:
(1)
Subject to
(2) 
Constraints (2) require that at most D W DWHs can be constructed; D W is provided by the user.
Constraints (3) ensure that the potential DWH location will not be selected simultaneously as both DWH and BOB.
Constraints (4) ensure that if a potential DWH location i is not selected (i.e., W i =0) (its demand must be satisfied by a BOB).
Constraints (5) make certain that each neighborhood ( ) is assigned to exactly one BOB.
Constraints (6) limit the minimum and maximum number of BOBs to be served by each DWH.
Constraint (7) ensure that DWHs only supply the selected BOBs, not all candidate
BOBs.
Constraints (8) limit the total number of selected BOBs to be less than or equal to a user-specified number, D B .
Constraints (9) ensure that neighborhoods or unselected DWH locations can only be assigned to the candidate BOBs that are finally selected.
Constraints (10) ensure that each selected candidate BOB must cover a minimum number of L j neighborhoods and can only cover a maximum of U j neighborhoods.
Hereafter, this newly introduced model given by Equations (2)-(11) is referred to as the Integrated Facility Location (IFL) model.
Development of robust optimization models
A property of the IFL model is that the optimal plan generated by it may not be optimal after disastrous events. If a DWH becomes unavailable after the disaster, 
Where z ijm denotes the fraction of neighborhood m's demand satisfied by DWH i via BOB j . Then solving this robust facility location problem is equivalent to solving the following mixed integer linear programming (MILP) problem:
Subject to equations 2, 3, 4, 5, 7, 8, 9 and 10;
We call the above model the Robust Continuous Facility Location (RCFL) model.
Note that if C i =1, ∀i, the RCFL model is equivalent to the IFL model and produces exactly the same solutions. To find the pre-disaster cost for the RCFL model, we solve the RCFL model by adjusting C i , such that the post-disaster cost is minimized.
Then with W i * and B j * obtained for the minimum post-disaster cost fixed and C i =1, ∀i, we solve the RCFL model again and the resulting total cost will be the predisaster cost.
Case study and observations
The integrated model and two robust models can be solved by a variety of optimization software packages, such as LINDO, LINGO, or GAMS. However, coding the developed MILP model using these tools may not be an easy task, since so many To further investigate the effects of the shutdown of DWHs and to see the performance of the robust models, we consider various shutdown scenarios, present the resulting costs for both cases in Table 3 , and compare the results for the three models.
As expected, the total transportation cost (TTC) for each model increases under the shutdown scenario and the increase in TTC are also reported in Tables 2(a), 2(b), 2(c) and 3. For the IFL model, the TTC goes from $47,451.54 to 69,995.04, a 47.5% increase. We observe that, on average, two robust models, RIFL and RCFL, outperform than the non-robust IFL model under the shutdown scenario, though they underperform under the normal scenario. Now, we propose a performance measure index, which is called a robustness index (RI) to show how much the results from each model are robust enough to cover the diverse scenarios in terms of cost minimization. Although there are many definitions of robustness, we adopt the one from Dong (2006) as "the extent to which the network is able to perform its function despite some damage done to it, such as the removal of some of the nodes and/or link in a network." In this paper, each model's performance may be evaluated by comparing it with the best performing model in terms of average TTC and its standard deviation. Hence we propose the following robustness index (RI): RI for a model g is defined as (19) where AVG(λ) and STD(λ) stand for average and standard deviation of each model λ's cost under given scenarios and α denotes the weight between the average and the standard deviation. Note that as RI for the model becomes closer to 1, the more robust the model would be. And RI can be used to decide the rank of each model in terms of robustness. We calculate RI for the three models for all possible shutdown scenarios and present them in Table 3 . Comparison between integrated and two robust models For Case I under the shutdown scenario, RIFL generates the highest TTC among the three models for the normal scenario and generates a slightly lower TTC than IFL.
For the same weight between the average and the standard deviation, i.e., , the overall RI also indicates that RIFL has the highest robustness, followed by RCFL and IFL in this order. The threshold value for α, denoted by ̃, turns out to be 0.7586. It implies that for ̃, RCFL seems to be the most robust model, followed by RIFL and IFL.
From Table 3 , we recommend that the proposed robust models, RIFL and RCFL, be used for optimally locating DWHs under the risk of disruptions. As discussed previously, transport of relief goods happens mostly after disaster. Therefore, for siting emergency response facilities, it would be more important to minimize the post-disaster cost rather than the pre-disaster cost and to better consider the unavailability of emergency facilities. The example provided here clearly demonstrates that the proposed robust facility location models can well suit the needs of siting emergency response facilities. 
